Characterizing genetic interactions is crucial to understanding cellular and organismal re-2 sponse to gene-level perturbations. Such knowledge can inform the selection of candidate 3 disease therapy targets. Yet experimentally determining whether genes interact is technically 4 non-trivial and time-consuming. High-fidelity prediction of different classes of genetic inter-5 actions in multiple organisms would substantially alleviate this experimental burden. Under 6 the hypothesis that functionally-related genes tend to share common genetic interaction part-7 ners, we evaluate a computational approach to predict genetic interactions in Homo sapiens, 8 Drosophila melanogaster, and Saccharomyces cerevisiae. By leveraging knowledge of func-9 tional relationships between genes, we cross-validate predictions on known genetic interactions 10 and observe high-predictive power of multiple classes of genetic interactions in all three or-11 ganisms. Additionally, our method suggests high-confidence candidate interaction pairs that 12 can be directly experimentally tested. A web application is provided for users to query genes 13 for predicted novel genetic interaction partners. Finally, by subsampling the known yeast 14 genetic interaction network, we found that novel genetic interactions are predictable even when 15 knowledge of currently known interactions is minimal. 16 
single organism. 48 Here, we examine an algorithm to predict multiple types of genetic interactions across 49 diverse organisms based on the hypothesis that genes strongly participating in shared functions 50 also share common genetic interaction partners. Our approach relies on a functional gene network 51 leave-one-out cross-validation is carried out on the known interaction partners. An accompanying 66 label vector indicates whether each gene in the network is indeed an interaction partner. The two 67 vectors yield a ROC curve and the corresponding area under the curve (AUC). A seed set's AUC 68 is the measure of how tightly connected the interaction partners are in the functional network and 69 therefore how predictive the seed set is for novel interactions [Lee et al., 2010] . None of the known 70 genetic interactions used for prediction were contained in the functional gene network. 
Results

93
We sought to determine whether clusters of functionally related genes, for example genes A-E in 94 Figure 1 , are predictive of genetic interactions. In this example, genes A and C-E are known to share 95 genetic interactions with gene X, and our hypothesis would suggest gene B as a novel interaction 96 partner of X. Our method identifies predictive clusters by leave-one-out cross-validation and 97 receiver operating characteristic (ROC) analysis; when applied to the network in Figure 1 , each of 98 genes A and C-E are individually withheld as known interaction partners one at a time and predicted 99 back with high recall. Subsequently, gene B is a novel high-confidence predicted interaction partner 100 of X. The approach described here was evaluated for several classes of phenotypic and growth-based 101 genetic interactions in human, fly and yeast.
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The human functional gene network is predictive for phenotype-based genetic 103 interactions 104 As shown in Figure 2A , our method demonstrated high performance in predicting phenotypic 105 enhancing and suppressing human gene pairs. In these interactions, a double mutant has an 106 enhanced or suppressed phenotype (other than growth) in comparison to either of the single mutants.
107
The plots for phenotypic enhancement and suppression in Figure 2A predictive are the ones with AUC = 0.5, indicating that their predictability is no better than random. 114 for human. Therefore, instead the problem shifted to identifying the degree to which genetic 160 interactions must be determined in order to find enrichment, and therefore predictability. Using Our results demonstrate that various classes of genetic interactions in different organisms can be 174 successfully predicted based on the hypothesis that functional gene clusters tend to share genetic 175 interaction partners. For S. cerevisiae in particular, predictability was obtained whether the genetic 176 interaction type was based on growth effects or non-growth phenotype-based measurements (i.e. 177 phenotypic suppression). Interestingly, our method did not yield predictability for negative and 178 positive genetic interactions, which happen to be the interaction types for which most of the pairs For each fraction, the numerator indicates the number of seed sets with AUC ≥ 0.9 and the denominator equals the total number of seed sets tested. Denoting by Ω the set of genetic interaction partners of X: Figure 1 : Genetic Interaction Prediction. Dashed edges indicate known genetic interactions. Solid edges connect genes that participate in the same biological process, with log-likelihood (LLS) scores as edge weights reflecting the degree of confidence in the genes' shared functionality. Genes A, C-E are genetic interaction partners of gene X and members of a functional net cluster; then the remaining cluster member, gene B, is a predicted interaction partner of gene X as well. Candidate clusters are evaluated by first assigning scores to each gene in the network by summing the edge weights, as shown in the first row of the matrix. LLS g,A denotes the log-likelihood score between genes g and A. The second row is populated with binary labels indicating whether the gene is a known interaction partner of X. In this fashion, a ROC curve is constructed to yield an AUC. Maximum allowed degree Figure 4 : Predictability of genetic interactions can be found even when known interactions are sparse. By successively withholding known yeast genetic interactions according to each gene's interaction degree (e.g. number of interaction partners), enrichment and therefore predictability is still detectable when information of known interactions is minimal. This effect is especially pronounced for synthetic growth defect and lethality, provided genes possess sufficiently high interaction degree.
